The explosion of microbial genome sequences in public databases allows for large-21 scale population genomic studies of bacterial species, such as Escherichia coli. In this study, 22
genetic similarity) than they do to any other genome within the rest of the species. In addition, 78 the genetic relatedness between any phylogroup and the rest of the species is graphically shown. 79
For example, phylogroups A, B1, and C are more closely related to each other than any one of 80 these phylogroups are to B2-1 or B2-2, as illustrated by lower Mash distances between 81 phylogroups A, B1, and C compared to B2-1 or B2-2. Fig. 1 also illustrates the phylogroup 82 substructure or intragroup genetic relatedness. E2(O157), Shig1, and Shig2 harbor the most 83 homogeneous genomes, which can be seen in the limited range of Mash distances within these 84 phylogroups. On the other hand, B1 and B2-2 are more heterogenous as shown by numerous 85 smaller dark teal squares that correspond to clusters of genomes that have a lower Mash distance 86 between them compared to the rest of the genomes in that phylogroup. The relative abundance of 87 phylogroup sequences with respect to each other can also be observed in Fig. 1 . G has the 88 smallest number of genomes sequenced and B1 has the largest number of sequenced genomes in 89 the assembled dataset. 90
Microreact 16 was utilized to further explore the results of the Mash-based analysis, as this 91 provides an easy medium for researchers to determine the closest genetic neighbors to any 92 genome in this dataset. Additionally, due to the inclusion of some clinically relevant outbreak 93 strains, such as O157:H7, O104:H4, and O104:H21, basic retroactive genomic surveillance is 94 possible by identifying strains of known outbreaks and noting their nearest neighbors. This data 95 is available on Microreact at: https://microreact.org/project/10667ecoli/4098eb8c. 96 97
Currently sequenced E. coli and Shigella species can be represented by 14 medoid genomes. 98
We were able to determine that 14 representative genomes can serve as the medoid or the 99 "genomic center" of each phylogroup based on the 10,667 analyzed genomes. Our results show 100 high correspondence with the recently proposed evolutionary scenario for the E. coli species 17 101 (Fig. 2) . The Cytoscape analysis showed that the two B2 phylogroups are the most genetically 102 distinct from the remainder of the species as they separate earliest from the other phylogroups. 103
At the final Mash value cutoff of 0.0095, the C and B1 phylogroups become the last two groups 104 to separate. This last split is indicative of the relatively large shared genomic content between 105 these two phylogroups. The resultant Cytoscape graphs were collected into a video available as 106
Supplementary Video 1, and a collection of stills is available on the service figshare via 107 http://dx.doi.org/10.6084/m9.figshare.11473308. Between the initial Cytoscape frame and the 108 final frame, the number of genomes represented decreased by 43% while the edges (connections 109 between genomes and medoids) decreased by 96%. As the cutoff decreases, some genomes are 110 no longer represented in the Cytoscape analysis due to having no Mash distance equal to or less 111 than the applied cutoff. As expected, the overall interconnectivity between the different 112 phylogroups drops significantly with the cutoff, but intraconnectivity within the phylogroups 113 does not. Upon visualization and inspection of the data via Cytoscape, we could verify that each 114 medoid is representative of its entire phylogroup and therefore the 14 medoids are suitable to be 115 used for decreasing visual complexity without sacrificing accuracy. Information about the 14 116
found medoids is available in Supplementary Table 2 . 117
Most sequenced E. coli genomes belong to 4 phylogroups. The use of medoid genomes as a 118
proxy to classify more than 100,000 genomes revealed that most of the currently sequenced E. 119 coli strains belong to 4 phylogroups. Around two-thirds (67%) of the analyzed SRA reads were 120 predicted to belong to four phylogroups: A (23%), C (15%), B1 (15%), and E2(O157) (14%). 121
This large disparity in phylogroup diversity in the SRA dataset most likely reflects the research 122 interests of the scientific and medical communities. Strains belonging to phylogroups B1, C, and 123 E2(O157) are often pathogenic and of interest to medical research, while phylogroup A includes 124 strains frequently used in the laboratory (e.g., strain K-12) or genetically modified strains (such 125 as strains BL21 and REL606). Similarly, a little over two-thirds (70%) of the 10,667 assembled 126 genomes also belong to four phylogroups: B1 (28%), A (21%), B2-2 (13%) and Shig2 (8%). 127
However, in the assembled genomes dataset, phylogroup C is only about 5% and E2(O157) is 128 about 7%. It is somewhat unexpected that the assembled genomes have a different distribution of 129 genomes than the unassembled dataset; however, this could be due to how fast and inexpensive 130 unassembled genomes are to produce and their utility in genomic surveillance of outbreaks. A 131 breakdown of the results for the SRA analysis including the number of medoid hits below the 132 cutoff is summarized in Supplementary Table 3 . Additionally, a collection of heatmaps with 133 different membership cut-offs, ranging from one to 14 phylogroups can be found in 134 Supplementary Table 4 ). According to these analyses, genomes from phylogroups Shig1, Shig2, 143
A, B1 and B2-1 are significantly smaller in size than phylogroups E2(O157) and C (P<0.01). 144
The smaller genome size of the strains from both Shigella phylogroups is indicative of a 145 reductive evolution of the genomes of these strains as previously described 18 by Weinert and 146 Welch which is mainly driven by their role as intracellular pathogens. Other enteroinvasive E. 147 coli strains such as serotypes O124, O152, O135 and O112ac were classified inside phylogroups 148 A (typically engineered, lab, and commensal strains) and B1 (often environmental strains) which 149 are the most heterogeneous phylogroups due to the diverse nature of their strains in terms of their 150 environmental niche. This heterogeneity is also reflected in the large ranges of genome size and 151 GC content of these two phylogroups. However, reduced genome size is not associated with 152 pathogenicity per se, as the large genomes of E2(O157) and C phylogroups illustrate. Larger 153 genome sizes associated with virulence may result from the accumulation of virulence genes in 154 prophages, pathogenicity islands, and plasmids 19 . Significant genomic differences in GC content, 155 with respect to other phylogroups were only found for the two Shigella phylogroups (P<0.01), 156 which also agrees with an ongoing purifying or negative selection occurring in these genomes 18 . 157 These characteristics might reflect the different evolutionary strategies and opposite selection 158 pressures as a consequence of adaptation to diverse niches in which the different phylogroups 159 have evolved 20 . 160
Level of preservation of homologous genes varies between phylogroups. To evaluate the 161
existence of functional traits associated with each of the phylogroups, we conducted pangenome-162 approach based analyses using the proteomes of the 10,667 assembled genomes. In addition, 163 separate pan and core genomes were calculated for the 14 individual phylogroups. This approach 164 allows us to highlight the unique proteomic cores of each phylogroup, which in turns helps to 7 define their distinct biology. The total set of genes of the species (pangenome) is comprised of 166 135,983 clusters of homologous proteins (Table 1) . By testing the cutoffs for core genome 167 conservation from 90% to 99% of the genomes ( Supplementary Fig. 4 ) we concluded that, while 168 the traditional cutoff for core genome calculation of 95% of genomes would suffice, a cutoff of 169 97% can minimize erroneous false positive core genes thus providing a more stringent result. 170
Therefore, we defined the core genome as homologous genes shared by at least 97% of the 171 genomes ( TOT core97), which produced a core genome of 2,663 clusters (1.96% of the total 172 pangenome clusters). The TOT core97, colored green in Fig. 3a , contains the well-preserved genes 173 that define the species, and for the shortest sequenced genomes (e.g. Escherichia coli str. K-12 174 substr. MDS42, phylogroup A), these constitute approximately 74% of their gene content; in 175 contrast, for the largest genomes (e.g. E. coli Ec138B_L1, phylogroup A) this fraction is only 176 about 32%. 177
By defining phylogroup-specific core genomes ( PHY core97) it becomes apparent that large 178 differences exist between the levels of gene preservation for each of the phylogroups (Fig. 3a) . 179
Predictably, the phylogroup with the largest number of PHY core97 gene clusters is E2(O157). Not 180 only do its members have large genomes, but this phylogroup is also very homogeneous as it 181 mostly contains E. coli O157:H7 strains that have a clonal origin 21 . Relatively large PHY core97 are 182 also observed for phylogroups C, harboring strains of clinically relevant non-O157 183 enterohemorrhagic (EHEC) serotypes such as O111 and O26, and for phylogroup Shig2, whose 184 members have relatively short genomes as it is mainly composed of S. sonnei strains, suggesting 185 that these phylogroups are relatively homogeneous which increases the size of the core genome 186 in turn decreasing the fraction of accessory genes. At the other end of the spectrum, the 187 phylogroup with the smallest core genome is Shig1 followed by phylogroups B1, E1, and A 188 ( Table 1 ). The small core genome of Shig1 is related to its small genome size, while more 189 numerous phylogroups A, E1, and B1 contain more diverse members, resulting in a larger 190 fraction of accessory genes and a smaller phylogroup-specific core. This observation concurs 191
with the tendency of other environmental strains that usually present open pangenomes with 192 higher ratios of accessory and unique genes 22,23 . Nevertheless, although Shig1 phylogroup has 193 the smallest number of core genes, this number represents almost 29% of the total clusters found 194 in this phylogroup (Table 1) , which is the highest ratio of core gene clusters per phylogroup-195 specific pangenome of the analysis. Phylogroups with fewer members can also produce larger 196 core genome fractions with respect to their pangenome due to sampling biases. Phylogroup G 197 was recently described by Clermont et al. 11 as a multidrug resistant extra-intestinal pathogenic 198 phylogroup (ExPEC). G strains are closely related to strains from the B2 complex, and are 199 commonly isolated from poultry and poultry meat products, which coincides with our analyses 200 and available metadata. Although phylogroup G has the fewest number of strains in our dataset, 201
we believe that the high core/pan ratio of this phylogroup is due to the overabundance of the 202 sequence type ST117 (79% of the strains) which makes this phylogroup quite homogeneous. 203
Based on these observations we conclude that the relative ratio of PHY core97 to the total 204 phylogroup pangenome clusters is a measure of the intragroup diversity. to their shared evolutionary history. For example, in silico MLST analyses shows that at least 213 80% of B2-1 strains belong to the sequence type ST131, a multidrug resistant clonal group of 214
ExPEC that recently emerged from the B2-2 phylogroup 25 . This explains the high degree of 215 homogeneity of B2-1 phylogroup. Moreover, strains characterized as ST131 were not found in 216 other phylogroups in our dataset. It appears that the rapid and differential acquisition of unique 217 virulence and mobile genetic elements by ST131 strains 26 make it possible to discriminate 218 between B2-1 (mainly ST131 strains) and B2-2 phylogroups using WGS approaches such as the 219 one used in this work. 220
While most of the phylogroups seem to have a relatively horizontal distribution within 221 the PCoA plot, phylogroups E2(O157) and Shig2 show the most striking differences in regards 222
to their vertical distribution with respect to the rest of phylogroups. As commented before, Shig2 223 and E2(O157) are very homogeneous phylogroups, with large PHY core97 that contain over 1,000 224 more protein families than the TOT core97 of the species. These phylogroup-specific core genes 225 could contain genetic signatures that are not present in the core genome of other phylogroups, 226
and therefore would confer to all phylogroup members with intrinsic and distinguishable traits 227 making them "traceable" in terms of genetic content from the rest of phylogroups. 228
To represent the existence of unique phylogroup-specific core genes we made a 229 comparison only considering the 14 PHY core97 and re-clustered them using the same parameters 230 as in the previous pangenome analyses. Fig. 3c is a representation of the sorted resultant clusters, 231 placing clusters from the TOT core97 first, followed by the PHY core97 clusters from the rest of 232 phylogroups. Sorting the clusters in this way, highlights clusters of core genes that are exclusive 233 to the PHY core97 of a given phylotype. As can be observed, phylogroups E2(O157) and Shig2 234 possess the highest proportion of unique core genes (protein family clusters (columns) colored in 235 purple that are not present in the other phylogroups), followed by C, B2-1, and Shig1 236 phylogroups. Well-defined phylogroup unique core genes were also found for phylogroups D3 237 (uropathogenic multidrug resistant strains, mainly ST405 and ST38) and D1 (uropathogenic 238 multidrug resistant strains, predominantly ST69). A list of the phylogroup unique core genes 239 found and represented in Fig. 3c along with their associated functional features can be found in 240 Supplementary Table 5 . Some of these clusters of genes comprise interesting characteristics such 241 as: a unique set of genes for synthesis of flagella only present in all strains belonging to the C 242 phylogroup, a complete set of genes for the transport of iron and ribose present in all members of 243 phylogroup E2(O157), and a set of genes for the synthesis of siderophores in B2-1 phylogroup 244 (Supplementary Table 5 ). The presence of unique-core gene clusters belonging to the PHY core97 245 of most phylogroups supports the existence of 14 distinguishable phylogroups within the species. 246
These genetic signatures might also have applications in public health as they could be utilized 247 for typing purposes. 248
However, not all phylogroups harbor phylogroups-specific genes. Phylogroups A and B1 249 have the weakest unique core signatures observed (along with D2 and E1 phylogroups), which 250 could be explained by the heterogeneous nature of both phylogroups. Although B1 is comprised 251 of strains isolated from environmental sources, it also contains enteropathogenic strains (EPEC), 252
EIEC strains and most of the Shigella strains, such as S. boydii and S. dysenteriae, that were not 253 classified by Mash analysis in Shig1 or Shig2 phylogroups ( Supplementary Fig. 1 and  254 Microreact data). These Shigella strains can be observed in the PCoA plot as the B1 small cluster 255 just on top of the Shig1 cluster. It is interesting to note that, although phylogroups A and B1 are 256 well-defined and described phylogroups, they are also considered as sister phylogroups with a 257 shared evolutionary history 7,13,27 which is represented by their partial overlap observed in Fig. 3b  258 and their late segregation observed in the Supplementary Video 1 and Fig. 2b at a Mash distance 259 of 0.0115. 260
Phylogroups evolve with different gain/loss rates of protein families. Since the medoids were 261
shown to be suitable representative entities of the 14 phylogroups and the TOT core97 genome was 262 established, a robust phylogeny analysis could now be performed based on the concatenated 263 independent alignment of 2,613 TOT core97 gene clusters without paralogs and a maximum 264 likelihood approach (Fig. 4a ). The obtained phylogenetic tree, along with a matrix containing the 265 number of homolog genes per protein family for each representative genome, were used to 266 measure family sizes and lineage specific events applying an optimized gain-loss-duplicated 267 model. Differences in gene content between the medoids lead to the observation that the different 268 phylogroups have evolved with different gain/loss/duplication rates of protein families (Fig. 4b) . 269
Relatively high ratios of gene expansion were observed for phylogroups Shig1, Shig2, C, and 270 B2-1. As expected due to their smaller genomes, Shig1 and Shig2 possess the highest ratios of 271 gene loss, while Shig1, C, and Shig2 have the highest rates of gene duplication. On the other 272 hand, phylogroups A, B1, D3, and F have the lowest rates of gene gain, indicating these 273 phylogroups have undergone limited gene expansion. It is also interesting to note is that 274 phylogroups D2, B1, and G have much lower rates of gene duplication compared to the other 275 phylogroups. In short, all phylogroups showed differential gain/loss duplication ratios of gene 276 families, even those that share a presumed ancestral history, such as the D phylogroups. As 277 stated before, D1 and D3 phylogroups comprise mainly UPEC strains and they are mainly 278
represented by one or two predominant sequence types. Conversely, D2 strains are typically 279 isolated from non-human sources with a large variation of sequence types. Mash-based analysis provides a fast and highly scalable K-mer based approach that can 284 be used on extremely large sets of genomes. Based on more than one hundred thousand 285 genomes, the population structure of E. coli species appears to be more diverse than currently The presence of multiple phylogroups that share pathogenic characteristics and even 294 share equivalent environmental niches, such as the D and B2 phylogroups, is indicative of faster 295 evolutionary forces related to the pathogenic lifestyle of these strains that could be driven by the 296 acquisition of virulence factors, recombinations, and interactions with the local flora of the host. 297
While the analysis of gain/loss/duplication rates of the phylogroups does not assess the rate of 298 mutation, the k-mer based Mash analysis can capture subtle differences in sequence similarity 299 making these forces traceable. According to our analysis, the emergence of new phylogroups of 300 E. coli is due to the pathogenic specialization of previously established phylogroups, such as 301 phylogroups B2-1, D1, D2, and D3. These phylogroups could have acquired new genetic 302 material causing the rest of the genome to adapt thus producing changes that are detected by 303 WGS techniques such as Mash but are not detected by more target-restricted methods such as 304 PCR. We therefore conclude that the use of WGS data with Mash to assess a bacterial species' 305 genetic sub-structure is essential to increasing our understanding of bacterial diversity. Entrez and the list of GCAs accession numbers from NCBI Genome database (including plasmid 315 sequences when applicable). This dataset (Supplementary Table 1 ) was cleaned to obtain an 316 informative and diverse set of 10,667 E. coli and Shigella genomes that captures the diversity of 317 the species as sequenced to date. In addition to the GenBank genomes, a total of 125,771 read 318 sets labeled as either E. coli or Shigella were downloaded from the SRA database. After cleaning 319 the dataset, we utilized Mash 28 , a program that approximates similarity between two genomes in 320 nucleotide content, and an in-house Python script to create a matrix of distances for all 10,667 321 genomes. This matrix was then clustered using hierarchical clustering after converting the Mash 322 distance to a Pearson's Correlation Coefficient distance to ensure that clustering results were 323 based on a genome's overall similarity to the whole species. 324
To evaluate the quality of the data set, various sequence quality scores were calculated as 325 described 29 by Land et al.. Following the recommended quality score cutoff value of 0.8, the 326 dataset was filtered to include only genomes with a total quality score of 0.8 or higher. Applying 327 the same cutoff value to the sequence quality score alone resulted in an extremely restricted 328 dataset that no longer addressed the goals of this study. Genome size was restricted to greater 329 than 3 Mb and less than 6.77 Mb to remove questionably sized genomes, which could be due to 330 contamination or modified genomes that are not representative of the natural E. coli species. 331
After applying these two steps, 10,855 genomes remained in the assembled genome dataset for 332
analysis. 333
To further clean the dataset, we filtered genomes that were outside the statistical distribution of 334
Mash distances within the dataset. Assuming that Shigella species are all members of E. coli, we 335 decided to use type strains for the Escherichia and Shigella genera (accession numbers 336 GCA_000613265.1 and GCA_002949675.1, respectively) to quickly filter the set of 10,855 337 genomes for erroneous or low-quality genomes that may have slipped through the previous 338 cleaning steps. The Mash values of the 10,855 genomes compared to each type strain were 339 broken into percentiles ranging from 10% to 99.995%. A cutoff percentile of 98.5% was 340 determined to provide sufficient cleaning without risking a large loss of data (data not shown) 341
and was applied to each type strain Mash value set. Genomes that were found in both sets after 342 filtering were retained to produce the final dataset of 10,667 genomes. clustering-based methods require a distance measure, the values were subtracted from 1 to 358 convert them into a distance measure. These distance measures were then clustered in R using 359 'hclust' and the 'ward.D2' method. A clustered heatmap was generated using the hclust 360 dendrogram to reorder the rows and columns of the distance matrix within the heatmap, while 361 values from the raw distance matrix of Mash distances were mapped to color. To determine the 362 height to cut the hclust dendrogram and to accurately predict phylogroups that optimally 363 overlapped with existing phylogroups, we compared multiple different cutoff values and 364 methods to obtain cutoff values. Taking the maximum height present in the hclust dendrogram 365 and multiplying it by 1.25 x 10 -2 was found to provide both accurate predictions and a standard 366 method that scales with the data supplied. Sufficient accuracy was defined by the cutoff at which 367 the last literature accepted phylogroup was visible, in this case representing the C phylogroup 368 splitting off from B1. Some detailed results of both the cutoff percentile and hclust height testing 369 are included for 10,667 genomes in Supplementary Table 5 . 370
Medoid selection for species representation. Using the Mash values for the entire species, a 371 medoid was defined for each phylogroup. The medoid is the "real" center of the phylogroup, as it 372 has to exist within the dataset, and was chosen as the genome that has the lowest average 373 distance to all other genomes in its phylogroup. We subsequently tested if one genome from each 374 of the phylogroups would be enough to accurately classify any given genome sequence claimed 375
to be E. coli or Shigella. The 'aggregate' function of R was used to find the mean across each 376 phylogroup. Isolating each phylogroup, reclustering, and calculating the medoid did not yield as 377 accurate results as calculating the medoid per phylogroup with respect to the entire 10,667 378 genome dataset. 379
Addition of SRA reads. The keywords "Escherichia coli" and "Shigella" filtered with "DNA" 380 for biomolecule and "genome" for type was used to retrieve SRA IDs from the NCBI SRA 381 database on March 22, 2019. For large scale data transfer, these SRA genomes were downloaded 382 using the high throughput file transfer application Aspera (http://asperasoft.com). To ease 383 computational and organizational load, the 125,771 read sets obtained from the SRA were 384 divided into five subsets of different sequencing technologies: 3 Illumina paired read sets, 1 385 mixed technology with paired reads, and 1 mixed technology with single reads. The 5 sets of 386 reads were then converted from fastq to fasta format to be processed by Mash using a python 387 script which removed all non-sequence data from the fastq file. 388
The SRA sequence reads were sketched using Mash (v2.1) and the same k-mer and sketch 389 sample size as the 10,667 dataset. This version change was due to the addition of read pooling in 390 the read mode which automatically joins paired reads, eliminating the need to concatenate or 391 otherwise process paired read sets. All read sets were sketched individually so that read sets that 392 caused an error when sketching were dropped from the analysis before sketching. A total of 393 23,680 raw reads could not be sketched. The -m setting was set to 2 to decrease noise in the 394 sketches of the reads. After sketching the reads within the subsets, all sketches were 395 15 concatenated into a sketch for that subset using the paste command of Mash. The concatenated 396 sketch of each subset was then compared to the 14 medoids using Mash dist. As all five subsets 397 had the same reference, the distance output from each subset was concatenated to one file. This 398 single SRA distance output file was then analyzed to evaluate the quality of the SRA dataset. The distance output was transferred into a matrix with reads as columns and rows containing a 410 phylogroup medoid. For each read the smallest Mash distance to a medoid was identified, and 411 the corresponding medoid noted ( Supplementary Table 3 ). We then created a distance matrix 412 from the Mash distance output of the 95,525 reads that met the above cutoff with reads as rows 413 and medoids as columns. Due to computational load this distance matrix was loaded into Python 414 3 instead of R. A clustered heatmap was made using Seaborn, Matplotlib, and Scipy with the 415 'clustermap' function. Instead of clustering both rows and columns, columns (phylogroups) were 416 ordered the same as Fig. 1 and rows were sorted as follows: number of hits to phylogroups 417 (ascending = True) and Mash distance (ascending = False). This provided a quick visualization 418 method for the SRA dataset with a consistent sorting criterion to make comparison between Fig.  419 2c and the Supplemental heatmaps much easier. 420 Cytoscape visualization. The Mash distance matrix of the 10,667 genomes was filtered to 421 include only the 14 medoids along the columns. This filtered matrix was transformed into a new 422 3 column matrix where the first column contains the identifier for a genome to be compared to 423 the medoid present in the second column. The third column contains the Mash value for that 424 pairwise comparison. A sliding cutoff ranging from 0.04 to 0.0095 with increments of 0.005 was 425 applied to the Mash value column and rows with values above the sliding cutoff for an iteration 426 were removed. These data tables were imported into Cytoscape (version 3.7.1) with the first 427 column as the source node and the medoid column as the target node. The Prefuse Force 428
Directed Weighted layout was then applied to the network with the Mash distance serving as the 429 weight. Phylogroup membership was mapped with a metadata table and colors were assigned 430 based on the colors used in Fig. 1 . For each cutoff the resultant graph was output as an SVG. All 431 SVGs were then compiled into a video to ease visualization of the Cytoscape graphs. 432
Statistical analysis of genome sizes and percent GC content. Genome sizes and percent of GC 433
content was calculated using the 'infoseq' package from EMBOSS suite v6.6.0.0. A dataframe 434 with sequence ID, percentage of GC content, genome size, and phylogroup ID was made. 435
Library 'ggplot2' from R was used to plot genome sizes and GC content. Library 'dplyr' from R 436 was used to perform analysis of Variance ANOVA test and Tukey HSD tests. The homogeneity 437 of variances was tested using Levene's test and the normality assumption of the data was 438 checked using Shapiro-Wilk test. As some of the groups didn't meet the criteria of the 439 assumption of normality, Kruskal-Wallis test was performed as well as non-parametric 440 alternative to one-way ANOVA. Kruskal-Wallis test rejected both null hypothesis (means of 441 genome size or percent of GC content are similar between the different phylogroups), with p-442 value < 2.2e -16 in both cases. Raw results from these tests are available in Supplementary Table  443 5. 444 Pangenome analyses and clustering. All 10,667 genomes were reannotated using Prokka 32 445 v1.13, with parameters: --rnammer --kingdom Bacteria --genus Escherichia -species coli --gcode 446 11. All protein-coding sequences (n=51,400,905) were clustered using UCLUST from 447 USEARCH 33 v.10.0.240 into protein families using cut-off values of 80% of protein sequence 448 similarity, 80% of query sequence coverage, e-value equal or less than 0.0001 (parameters -449 evalue 0.0001 -id 0.8 -query_cov 0.8, with maxaccepts 1 and maxrejects 8). For the core genome 450 various inclusion percentages were compared, since we included draft genomes existing in 451 multiple contigs. The optimum was defined that allowed 3% omissions, giving a species core 452 genome defined as those genes present in 97% of the genome collection. Therefore, protein 453 families with presence in at least 97% of the total set strains were considered part of the core 454 genome of E. coli species. 455
The pan-and core genome for each of the 14 phylogroups were then separately clustered using 456 the same cut-off parameters as the entire set at species level. v.10.0.240 using the same parameters to find the intersection of core genes between the core 466 clusters of the 14 phylogroups. A binary matrix with cluster ID as column labels, genome IDs as 467 row names, and the number of genes belonging to that cluster as the cell value was constructed 468 using the main output from UCLUST. This matrix was then supplied to an "in house" python 469 script that sorts the pangenome matrix such that the gene clusters found in all phylogroups are 470 placed first (species' core genome). Then groups are sorted by abundance per phylogroup to 471 isolate phylogroup core genes. All leftover gene groups are sorted by phylogroup and abundance 472 and added to the end of the sorted gene cluster list. The Mash tree obtained earlier for the 10,667 473 dataset was then loaded and used to sort the order of the organisms within the sorted matrix. 474
Finally, Matplotlib was used to visualize the sorted matrix. 475 Phylogenetic analysis of core gene families. The set of core gene clusters of the 14 medoids was 476 extracted from the core genome clusters of the entire species and from them single copy ortholog 477 groups were identified to construct a phylogenomic tree. In total a set of 2,613 single gene 478
Principal Coordinate Analysis plot of 135,983 protein families of 10,667 assembled genomes. 788
Phylogroups are indicated by the same color scheme used in Figs. 1 and 2. C. Core genome 789 matrix of 6,719 phylogroup core clusters and 10,667 assembled genomes. Clusters are sorted 790 such that the core for the species is placed first, then the phylogroup core genes are placed sorted 791 by their overall abundance in the species for each phylogroup in the same order as Fig. 1, finally  792 the remaining clusters are placed by overall abundance. Phylogroup unique core genes are 793 indicated by purple blocks which do not appear in other phylogroups. Count v.10.04 software (Csűrös, 2010) . Dots in branches represent "informative ellipsis" where 814 the length of the undotted section of the branch multiplied by the inverse ratio of undotted 815 section is equal to the true rate of the branch. For example, assuming the displayed branch length 816 is 1 and 1/10 th of the branch is solid then the true rate of the branch would be 10. 817
